I. Introduction: Subjugation of women in certain spheres of life is very common in the patriarchal societies and it has a long history (see Davis, 1971; Firestone, 1972; Reed, 1975) . Even in England that has a claim to incorporate the most of renaissance ideals in its social and intellectual fabric, people of repute (e.g. John Stuart Mill, the famous philosopher, economist, educationist, political scientist, etc. apart from being a member of the British Parliament) in the 19 th century had to denounce the then practices leading to women's subjection at home and fight to form a public opinion against keeping the womenfolk as an underdog section. Mill, in the very first paragraph of his book wrote: "… the principle which regulates the existing social relations between the two sexes -the legal subordination of one sex to the other -is wrong in itself, and now one of the chief hindrances to human improvement; and that it ought to be replaced by a principle of perfect equality, admitting no power or privilege on the one side, nor disability on the other." In recent times, a survey conducted in 1998 in Japan targeting three thousand intellectuals nationwide asked the question, "In which area(s) does gender equality need to be realized in order to bring about a gender-equal society?" In response to this, the highest percentage, 46.4%, answered, "Gender equality in the policy decision-making processes of central and local governments," while the next highest percentage, 43.1%, answered, "Securing equal treatment for men and women in the workplace." In India, women have little social or economic independence. They are subjugated to men and discriminated against. In the greater part of India a girl, even as a foetus, suffers a chance of being discriminated. Cases of feticide are large in number when detected to be a female. After her birth, a girl child is often a second grade member of the family, usually dealt with roughly by the mother too. Getting rid of her by the family through early marriage is so common. In matters of education and health also she is given the last priority. Even then, if the sex ratio in India is only marginally unbalanced, the credit goes squarely to the stronger vitality and power of adaptation among the female sex. Their participation in economic activities outdoors is discouraged on the supply as well as the demand side. Working women of all segments of the Indian society face various forms of discrimination. Even professional women find discrimination to be prevalent; two-thirds of the women in a certain study felt that they had to work harder to receive the same benefits as comparably employed men (Liddle and Joshi, 1986) . Perhaps, this is so for the Indian society is predominantly patriarchal.
II. The Case of Meghalaya:
Meghalaya, a state in North East India, presents a case different than the rest of the country (except Kerala) does. A very large majority of population in the state belongs to three tribes, Garo, Jaintia and Khasi, well known for their being matrilineal and matrifocal. Most of them are Christian by religion although some have maintained their traditional tribal/indigenous religion.
In a matriarchal system of social organization the female is the real head of the family, and descent and inheritance are traced through the female line. Tracing of descent through the maternal line is a matrilineal system, which is only a subsystem within the larger framework of matrifocality/matriarchy (see Wikipedia: Matriarchy). Headship of a family is related with hierarchy: powers of decision-making, inheritance, benefaction and betrothal, ownership of economic resources, participation in activities relating to allocation, exchange and production, participation in socio-cultural activities, and so on. The effectiveness of headship may vary from being nominal to autocratic and dictatorial, without arousing strong feelings of disapproval and triggering off destabilizing reactions from other members in the organization. There could be various types of constraints on the decision-making powers of a head. Many of these constraints may be institutional (customs, mores, traditions and precedents) in nature. In reality matriarchy seldom exists, but matrifocality does.
It appears that matrifocality in Meghalaya has not crossed the boundaries of household when we notice that among the three Members of Parliament from the state all are men, and among sixty Members of the (7 th ) Legislative Assembly of the state only three are women, one from the opposition and two from the ruling party. At the level of the local self-government a village head is a 'headman'. Then it is worth investigating if matrifocality has promoted literacy, economic participation and well being of the women.
III. The Present Study:
In this paper we intend to investigate how women in Meghalaya perform vis-à-vis men in the socio-economic sphere. Our investigation is based on the data thrown up by the Census 2001. It may be noted that about 70 percent of people in Meghalaya are Christian, 13 percent are Hindu, 4 percent are Muslim and the rest belong to other religions (Table-1 ). Among those belonging to these 'other' religions, a little over 0.5 percent belongs to Sikhism, Buddhism and Jainism or those who have not stated their religion. About 11 percent people believe in various tribal religions. Most of the local people are Christian and most of the Christian are the local people. Thus, by studying the socio-economic status of the Christian segment of population we may infer as to the socio-economic status of the local people whose society is matrifocal. We may also reinforce our conclusions by examining the status of women in the 'others' religious category because this category includes mostly the non-Christian local people. We envisage further that the place of habitation makes or mars the prospects of women in the socio-economic sphere. The place of habitation may be rural or urban on the one hand, and different districts on the other. Urban areas present different type of opportunities as well as constraints than do the rural areas. In the same vein, prospects in the West Khasi Hills district are surely different from those in Ri Bhoi or East Khasi Hills district. The three Garo districts differ significantly from Ri Bhoi and East Khasi Hills districts. Jaintia Hills district has an entirely different socio-economic atmosphere. The socio-economic landscape of different districts in the state have attracted the migratory population from other places differently, which has given rise to different proportions of various religious groups in the total population in those districts.
It may also be noted that different religions have different bearings on socioeconomic and cultural prospects of women vis-à-vis men. Religion cuts across other cultural and residential forces and modifies them as much as is modified by the latter.
IV. Measures of Socio-Economic Characteristics:
Although limited in coverage for the purpose at hand, the Census data may be used to present the socio-economic feature of population quantitatively. We choose the following measures gender-wise:
x 1 =Proportion of Children (in 0-6 years' age group) in the total population [CHILD] x 2 =Literacy in the 6 plus years' population [LITER] x 3 =Workers in the 6 plus years' population [WORK] x 4 =Cultivators as a proportion to workers population [CULT] x 5 =Agricultural labourers as a proportion to workers population [AGRL] x 6 =Ratio of agricultural labourers to cultivators [AGLC] x 7 =Proportion of household industry workers to the workers population [HHIW] x 8 =Proportion of 'other workers' to the workers population [OTHW] x 9 =Ratio of non-workers to workers population [NWWR] .
These nine measures are obtained for male and female populations separately. For example, we have x 1,M defined as the proportion of male children (of 0-6 years age group) in the total male population and x 1,F analogously. Thus we have eighteen measures in total: nine for male and their analogous nine for female population.
Among these (gender-wise groups of) nine measures, the first (x 1 ) relates to the growth rate of population. It also relates to consciousness regarding family planning and control of family size for socio-economic well-being. The second one (x 2 ) measures ability of the people to participate in a number of activities that an illiterate person cannot do. Literacy also opens various vistas to benefit from the civilization around oneself. The third measure (x 3 ) relates to readiness as well as participation in economic activities for one's well-being. The fourth measure (x 4 ) relates to an operational command over land, a major factor of production and source of influence (Agarwal, 1994) , especially in the rural areas. It is also related to the social status in the rural area. The fifth measure (x 5 ) is related to contribution of labour in agricultural activities. The sixth measure (x 6 ) is related to distribution of ownership of land resources. The seventh and the eighth measures (x 7 and x 8 ) relate to non-agricultural economic activities. These activities may be more remunerative than agriculture. The last measure (x 9 ) partly quantifies the dependency ratio. It also relates to the leisure class culture and values (Veblen, 1899).
V. Construction of A Composite Index:
The set of nine measures enumerated above is obtained for all the seven districts in Meghalaya as well as for the state. In each district there are two sectors, urban and rural, and the population is distributed under four different of religious groups (Hindu, Muslim, Christian and 'others') there. This complex of data cannot give any comprehensive picture unless we make an index that obtains a single composite measure from those nine measures. However, before we construct a composite index, some introduction to the methodology is necessary.
VI. Analytic versus Synthetic Methods of Index Construction:
It is pertinent to make a distinction between analytic and synthetic methods of index construction. Analytic methods assume that in the observed complex of data each variable is a mixture of influences or hues accountable to some latent, but more fundamental and deep-seated, factors. Speaking figuratively, each variable has a composite colour (so to say) that is only a mixture of basic colours in varying proportions. The proportion in which these factorial influences are composed varies from variable to variable. Therefore, they decompose the variations in data into some sort of manifestation or influence groups such that each group can be associated to a composite index, often mutually orthogonal to the other composite indices representing the other groups. Each composite index is sectarian by nature and construct. These methods include the principal components, maximum likelihood, communality R square, MINRES (minimum residual factor method of Harman and Jones, 1966) , the principal axis and a number of other procedures of (factor) extraction. To streamline the factors, various methods of rotation are used, which effect to shedding off a little of explanatory power of the leading composite index. As a result, the variables that are non-conformal to the influence group that a particular composite index purports to represent are often poorly loaded and relegated to the other group or groups of influence. On the other hand, synthetic methods of index construction aim at representing every variable. They do not work on supposition that there could be other indices that would represent the residual variation in the data. They do not intend to analyze variation in data to form the distinct influence groups. In this category we may include MSAR (maximum sum of absolute correlation coefficients), MEFAR (maximum entropy-like function of absolute correlation coefficients) and MMAR (maxi-min absolute correlation coefficient). The choice of an appropriate method is contingent on the objective of exercise. If one wants several composite indices to construct (from the given data) then analytic methods are more appropriate. However, if the objective is to obtain a single composite index (and not to analyze the variations in data into a number of influence groups) one may prefer to use synthetic methods. It may be noted that if the variables are highly correlated with each other, the analytic and the synthetic methods yield very similar (leading) composite indices.
VII. Various Methods of Index Construction:
There are numerous methods of constructing composite indices. We describe in details some major ones among them.
VII-A: The Principal Component Analysis:
This methods decomposes the variance in multi-variable data (x j , j=1, 2,…,m) into a number of components (I k ; i=1,2,…, k; k ≤ m) such that the composite indices, which are linear combinations of variables (data), one for each component, maximizes the sum of squared correlation coefficients between itself and the variables, and those indices are pair-wise orthogonal among themselves. The number of components cannot exceed the number of variables in the data, but it could well be smaller. The first component absorbs the maximum variance in the data; the second component absorbs the maximum of the residual variance and so on. The principal component method is perhaps the most popular method of constructing composite indices.
VII-B: Factor Analysis:
Factor Analysis is a multi-variate statistical method with a major objective of data reduction. It assumes that a few latent, fundamental and essential forces work in the hind side and manifest themselves into the empirically observed multivariate data on a complex of variables. These essential, but latent or unobservable forces are "factors". Thus, the relationship between these latent factors and the observed data on the variables is that of the "essence" and the "manifestations". Nevertheless, each individual variable that belongs to the complex of empirical data has 'noise', specificity or errors of its own. Using suitable statistical and mathematical methods it is possible to extract these essential factors and in turn, they can be given a conceptual and theoretical meaning. Thus, factor Analysis is a statistical method to extract the common, essential and latent variables that reflect themselves into a complex of empirically observed variables. These essential factors are very often much fewer in number than are their manifest variables. In this sense, factor analysis is a statistical method of reducing the dimensionality of data.
The method of factor Analysis may take a number of different forms based on the following assumptions and techniques used. These different approaches to factor analysis may conveniently be classified according to the following criteria.
1. Assumption regarding the relationship between the universe of variables and the sample variables drawn from the said universe: Latent factors may manifest themselves into innumerably many measurable variables, but in any particular empirical study, only a subset of the said universe of variables can be included in the analysis. That is to say that the sample over the variables is always a proper subset of the universe of variables. 2. Assumption regarding the relationship between the universe of individuals and the sample individuals drawn from the said universe: Empirical data on various variables (manifestations) are collected for a sample of individuals only. 3. Assumption regarding the composition of variables in terms its explicability by other variables (complimentary set) in the sample: It may be assumed that every variable included in the analysis can be (partly) explained by the complementary set of variables included in the analysis. 4. Inter-relationship among the latent factors: It may be assumed that the latent factors (essences, so to say) are orthogonal among themselves or, alternatively, they are correlated. 5. Optimization criterion: Factor Analysis has to depend on some optimization criterion, whether in terms of the minimization of some type of distance between the empirical data points and the inferred (estimated) points corresponding to them or maximization of the probability of occurrence of the data points. In measuring the distance different criteria might be used. 6. Identifiability of factors and reproducibility of the empirical inter-correlation matrix: On the one hand identifiability demands that the number of factors be as small as possible (parsimony) such that each factor can be given some conceptual or theoretical meaning. On the other hand it is also required that the original empirical inter-correlation matrix among the variables is reproducible in terms of the factor loadings. These two requirements often compete with each other.
VII-B(i). Methods to Extract Initial Factors from the Observed Correlation Matrix:
The complex of the criteria mentioned above gives rise to several strategies of factor analysis to extract initial factors from the observed correlation matrix, R. The general method of extraction may be expressed symbolically as the solution of the eigen-equation (characteristic equation) in which Det(R x -λI) = 0 is solved for λ and from R x V = λV the vector V is obtained. Then V is used to obtain initial factor loadings. The matrix R x is a modified R, obtained from the variables included in the analysis. The real difference among the methods of extraction is in obtaining R x from R. It depends on two major ideas: first, the communality, generality, image or similar to these; and the second the individuality, anti-image, uniqueness, residual or the like. The correlation matrix is decomposed into two parts, the common part and the uncommon part. The real issue is as to how one does the decomposition. Accordingly, we will see how R x is defined differently in different methods of extraction (Kim and Mueller, 1978 ).
Alpha Factoring:
In this method it is assumed that the variables included in the analysis are only the samples from a universe of innumerable variables that the latent factors may manifest themselves into. Accordingly, the initial factors are extracted and later necessary rotations are applied to them. In Alpha factoring, the key emphasis is not on the statistical inference but its objective is to draw inference for an understanding of the underlying essence that give rise to the manifestation as empirically observed. In Alpha factoring R x = H -1 (R-U 2 )H -1 , where U is the diagonal matrix made up of the elements that are square root of the unique component for each variable (unexplained by other variables and so uncommon or unique to the variable) and H is the matrix of the square root of communalities.
Image Factoring:
Image analysis decomposes the variations in the variables into two parts, (i) image, and (ii) anti-image. The part of the variation of a variable that is predictable by a linear combination of all the other variables in the set (complimentary set) is called the image of the variable. It is the common part. On the other hand, the anti-image of the variable is the residual, which is the unique part of the variable.
, where S is the diagonal matrix whose elements are the standard deviation of the residuals of each variable that could not be explained by other variables. This S is the matrix of anti-image standard deviations or s j = sqrt(Σ(e ij ) 2 /n) for variable j, in n observations.
Principal Axis Factoring:
In this method an attempt is made to find out as many mutually orthogonal principal axes as needed. Each principal axis is obtained in such a manner that it minimizes the sum of distance between the observed points and the estimated points on the principal axis (distance measured by the length of the line normal to the principal axis and joining the observed point away from the principal axis and the expected point on the principal axis). This method uses the decomposition strategies of the principal components analysis as applied to the adjusted correlation matrix whose diagonal elements are replaced by corresponding estimates of communalities. These communalities are usually estimated by the highest absolute correlation in the corresponding row of a correlation matrix. In our general system here R x = R-h, where h is a diagonal matrix of communalities. This method is gradually being replaced by the Least Squares factoring. In the Least Squares factoring, an attempt is made to minimize the residual correlation after extracting a given number of factors, and to assess the degree of fit between the reproduced correlation under the model and the observed correlations. Since the squared differences are minimized, the name follows. In the LS factoring the communalities are estimated at each iteration (not once for all as in the Principal Axis method) and a new R x is found until the results are stable.
Maximum Likelihood Procedure for Initial Factoring:
It is assumed that the observed data comprise a sample from a population where a k-common factor model exactly applies, and where the distribution of variables and the factors is a multivariate normal. The exact loadings on each variable are unknown and to be estimated. The objective of ML method is to find the underlying population parameters that would have the greatest likelihood of producing the observed correlation matrix. In our general framework, here R x = U -1 (R-U 2 )U -1 , where U is the square root of the unique variance estimated at each stage of iteration. The initial iteration begins with the principal component analysis. In contrast with the Least Squares method where the sum of squared discrepancies (between initial and reproduced correlations) is minimized, in case of maximum likelihood method the likelihood of reproducing the observed (that is, initial) correlations by the estimated loadings is maximized. Further, unlike of the LS method, assumption of normality of distribution is necessary for ML factoring.
Principal Component Analysis for Initial Extraction of Factors:
In terms of eigenvalues and eigenvectors, an observed or initial correlation matrix, R, can always be decomposed as R = R 1 + R 2 + …+ R m , where R i matrix is an outer product of the i th standardized eigenvector with itself, multiplied by the i th eigenvalue. Conventionally eigenvalues are ordered according to magnitude and the first eigenvalue is the largest while the last is the smallest. Accordingly, R 1 reproduces larger part of R than do the subsequent R s and that also in the order. Here we have R x = R. Interestingly, the Principal Component method does not try to modify the matrix of inter-correlations in view of communalities, uniqueness, image, etc. In this sense, this method of initial factorization is quite different from others. However, due to its great power in decomposition of R matrix into orthogonal component matrices and finding out eigenvalues, it is often used at the initial level of many methods of extraction. As a matter of fact, the famous theorem of Cayley-Hamilton (that every continuous function of a matrix is a function of its eigenvalues and eigenvectors) makes the principal component method so powerful.
The initial factoring step usually determines the minimum number of factors that can adequately account for the observed correlations, and provides the estimates of the communalities for each variable. With these factors (say k in number) and estimated communalities, it is possible to carry out some transformation over the factors (by rotation performed on them in the k-plane) so that simpler and more easily interpretable factors can be obtained. The output of such an attempt is the rotated factors.
VII-B(ii). Rotation of Factors for Better Interpretation:
To proceed for rotation, one must, first assert whether the factors would be correlated (non-orthogonal or oblique) or they are orthogonal (spherical) among themselves. If one visualizes that the factors need not be orthogonal, one may proceed to oblique rotation (OBLIMIN or PROMAX). In cases when there is a good reason to hold that factors are orthogonal, one may try with methods like VARIMAX, QUARTIMAX or EQUAMAX rotation. It is fair not to impose orthogonality on the factors from the very beginning and look into the pattern obtained after carrying out the oblique rotation. If the factors are orthogonal, such an evidence will be available in the results of the oblique rotation. Alternatively, rotation can be carried out to obtain a pattern that is close to a given target matrix (Kim and Mueller, 1978) .
It is clear that an oblique solution is more general than an orthogonal rotation because it does not impose the restriction of orthogonality on the factors. Its supremacy over the orthogonal rotation methods lies in the fact that after carrying out the oblique rotation one may get the feel whether imposition of orthogonality relations on the factors from the very beginning could have been appropriate or not.
The Quartimax Rotation: Let us define
; where j =1, k ; i = 1, m. Further, let q be defined as the sum of q i. That is q = Σ i (q i ); i = 1,m. Here b ij is the loading of j th initial factor (j=1, k) to i th variable (i=1, m) in the data set. Since communalities (h i ) 2 = Σ j (b ij ) 2 are already fixed and k 2 = constant, q varies directly with Σ i Σ j (b ij ) 4 . Now axes are rotated in such a way that q is maximized and in that process old (initial) factor loadings are replaced by new factor loadings. This is called the Quartimax rotation. An application of quartimax criterion usually results in emphasizing the simplicity of interpretation of the variables at the expense of simplicity of interpretation of factors. In general, fewer common factors add to simplicity in interpretation of variables while fewer variables with large loadings on each factor facilitate the interpretation of the factors and their identification. The rotated factors obtained by this method are orthogonal among themselves.
The Varimax Rotation: Let us define
; where j =1, k ; i = 1, m. Further, let v be defined as the sum of v j. That is v = Σ j (v j ); j = 1,k. Here k is the number of initial factors and m is the number of variables in the data set. Now, unlike in case of quartimax rotation, Σ j (b ij ) 2 are no longer fixed but they are variable due to summation being carried out over n individuals, the maximization of V is called the varimax method of rotation. This method of rotation concentrates on simplifying the interpretation of factors rather than the variables, as it was the case with the quartimax rotation method. The rotated factors obtained by varimax method are orthogonal among themselves.
The Equimax and the Biquartimax Rotation:
A hybridization of quartimax and varimax rotation methods yields these methods. If one maximizes ζ = αq + βv, the compromise solution is obtained. Defining γ = β/(α+β), in special or limiting cases γ = 0 yields quartimax solution and γ = 1 yields varimax solution. In particular, maximization for γ = k/2 is called the Equimax solution and that for γ = 0.5 is called the biquartimax solution. The rotated factors obtained by this method are orthogonal among themselves.
Indirect Oblimin Rotation:
This method of rotation tries to simplify loadings on Reference Axes. The indirect Oblimin criterion is given by: B = Σ j [Σ p {nΣ i a ij 2 a ip 2 -γ γ γ γ(Σ i a ij 2 Σ i a ip 2 )}]; p = 2, k. Iteratively, B is minimized. In the expression above, a ij are projections of i th factor on j th reference axis usually normalized by h i 2 (communality) and γ γ γ γ refers to the degree of obliqueness, which can be altered to obtain more or less oblique solution. For γ = 0 this rotation is called Quartimin solution, while for γ = 1 it is called Co-varimin solution. For γ = 0.5 it is called Biquartimin solution.
Direct Oblimin Rotation:
This method of rotation tries to simplify loadings on primary factors. The direct Oblimin criterion is given by:
/n}]; j=1,m; p = 1, k. Iteratively, D is minimized. In the expression above, b ij are factor loadings in a pattern matrix and δ δ δ δ refers to the degree of obliqueness, which can be altered to obtain more or less oblique solution. For a unifactoral factor pattern, δ δ δ δ = 0 identifies the correct pattern.
Promax Rotation:
Promax rotation is a variant of target matrix rotation, though in this case such a matrix is derived from the data itself and the analyst is not needed to supply any target matrix. The rationale behind the promax rotation is the observed fact that in practice the orthogonal solutions are not much different from oblique solutions. Therefore, if small loadings are reduced to near-zero loadings (that might be ignored), it is possible to construct a fairly good target matrix with much simpler structure. Having done that, one rotates the factors to be close to such an artificial target matrix.
VII-C. Synthetic or Inclusive Methods:
The principal component and factor analytic methods aim at analysis of variance in the multi-variable data. Unless the variables are extremely highly correlated among themselves such that they might be summarized by a single component or factor, these methods have a tendency to decompose the data into two or more components or factors. Thus, the very nature of these methods is analytic. They tend to construct composite indices that are 'sectarian' or exclusive in some sense. The first component/factor absorbs the maximum conformal portion of variance in the data and relegates the non-conformal portion of variance to the other components or factors. Thus, if the data variables are weakly correlated with each other, these methods produce numerous composite indices and in so doing each index has a tendency to exclude or weakly correlate itself with some variables.
Synthetic methods do not purport to decompose the multi-variable data into numerous components or factors. Their objective is to construct a single index that represents the data variables most effectively. Since there are no second or subsequent indices to be constructed (although it is feasible to obtain them), these methods include all variables such as to represent them in the best possible manner. The idea of rotation is not applicable here, since multiple indices (though feasible) are not constructed.
There could be various methods that have an inclusive approach to making indices. A simple averaging over variables is one of such methods. However, there are three other methods that have some mathematical justification. These are: 
VII-C(i): MSAR or Max

VII-C(ii). MEFAR or Max Entropy-like Function of Absolute Correlation
VII-C(iii). MMAR or Maximin Correlation
IX. Comparative Performance of Different Methods of Index Construction on Meghalaya Data:
We have applied several of the methods described above to compare their performance on construction of composite indices from the two gender-specific sets of nine measures elaborated in section IV above. The loadings on different variables (correlation coefficients of the composite index with the data variables) and the explanatory power of the composite index (mean squared loading) for these methods are given in Table-3 . We have gone in for orthogonal factor extraction only.
A perusal of Table-3 reveals that the analytic methods have uniformly undermined the one measure or the other. The PCA, the ML, the MINRES, the PA and the CRS all make composite indices that have very poor correlation with x 7 (proportion of household industry workers to total workers population, gender-wise) uniformly, and with x 3 (workers as a proportion to total 6+ population, gender-wise) and x 9 (dependency) when factors are rotated. These variables are strongly related with economic involvement and cannot be undermined. The third all India census of small scale industries (Govt. of India, 2003, table R-22) revealed that about 24 percent of rural SSI entrepreneurs in Meghalaya were women, which was the highest percentage in the country.
The first two inclusive methods (the MSAR and the MEFAR) obtain absolute correlation between the composite index and the constituent variable about 0.3 at the lowest. The MMAR, a highly egalitarian method, obtains absolute correlation 0.5 at the minimum. Thus, the inclusive indices have represented every socio-economic measure of the population that we are concerned with in this study. The MSAR and the MEFAR loadings are almost same. We have chosen the MSAR results for further analysis. In Table-4 we present the values of the MSAR index for different districts, religious communities and areas (urban, rural) for the male and the female populations separately. These values are graphically represented in Fig.-2 through Fig.-4 . The signs of loadings obtained by different measures indicate that we have indeed obtained the composite index of exclusion from development or the Index of deprivation. The index is positively correlated with the measures of population growth and dependence on agriculture as a means to livelihood (x 1 , x 4 and x 5 ). It is correlated negatively with literacy and participation in non-agricultural activities of livelihood. As it happens so often, development is associated with concentration of resources in fewer hands as well as increase in the dependency ratio. We observe these tendencies here too as indicated by the loadings of x 6 and x 9 . 
X. Observations and Conclusion:
First, we observe (Fig.-2) that women are much less deprived (vis-à-vis men) in the urban areas than in the rural areas. Secondly, the disparities in the extent of deprivation is gender-wise uniform in the Christian community as well as in the 'others' religious group (Fig.-3) . Note that these communities mostly include the indigenous tribes: Garo, Jaintia, Khasi, etc having a matrifocal system. Among the Muslim community we find very large variance in the deprivation index. In the Hindu community also findings are inconclusive, although the variance is much less than in the Muslim community.
Overall, in the East Khasi Hills and the West Garo Hills districts the women are in a better position than the men. In the East Garo Hills, with a few exceptions, women are better off in general. In the West Khasi Hills and Ri Bhoi districts, on the contrary, women are either deprived, or more or less at par with the men. In the Jaintia Hills and the South Garo Hills districts a mixed picture emerges.
Returning to our main query whether matrifocal system in the developing societies favours women and helps achieve growth with gender equality, we find that indeed it does so. The tribes of Meghalaya whose societies are organized on matrifocal principles have obtained much greater gender equality than the societies (e.g. Hindu and Muslim) that are organized on the patriarchal principles. In the impetus of development equality is achieved better. An entangled question, however, remains unanswered: "Is it Christianity that promotes gender equality?" Our study has given some indication that matrifocality in the environment of prospects of development, not Christianity, has contributed to gender equality, for if it were otherwise, the non-Christian "others" category would not have exhibited gender equality so clearly and the West Khasi Hills district would not have performed so dismal. Yet, one must remember that identification of the "others" religious category with the local tribes has some obvious problems. 
